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Tropical cyclone-induced tornadoes (TCIT) exacerbate the devastation that
landfalling tropical cyclones have on the United States. This research applied machine
learning techniques in conjunction with midlatitude severe weather parameters to create
an artificial intelligence (AI) capable of predicting TCIT occurrence. Severe weather
diagnostic variables were collected at thousands of gridpoints from the North American
Regional Reanalysis (NARR) to characterize the environments within tropical cyclones
between 1991 and 2011. A support vector machine (SVM) was generated in various
configurations to obtain the most effective AI. This approach revealed many parameters
that were ineffective at predicting TCITs (primarily those utilizing the effective inflow
layer). In addition, the most highly configured AI were capable of predicting TCIT
occurrence with a Heidke Skill Score around 0.48.
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CHAPTER I
INTRODUCTION
Tropical cyclones (TC) affect both post-modern societies and developing regions.
The position of geographical features, as well as climatological influences, cause the
United States to be in a comparatively disadvantageous location with regards to TC
landfall potential. Millions of citizens living along the United States coastline are on
constant alert when hurricane season arrives, as a significant storm can lead to billions of
dollars in damage and hundreds of lives lost. These issues offer a major incentive to
improve forecasts and better understand risks associated with TCs.
While TCs pose a threat to coastal environments, the majority of the central and
southeastern United States is more concerned with tornadoes. These regions are unique
to the world due to the frequently available combination of environmental ingredients
that can lead to numerous and often significant tornado outbreaks. In addition, tornadoes
have been at the center of meteorological research and intrigue for decades (Fawbush and
Miller 1951; Brown et al. 1978; Thompson and Roundy 2013; many others). The
prevalence of such research, as well as the unique nature of their environmental
characteristics, only further demonstrate that understanding of tornadoes and their
environments is paramount to the ongoing security of citizens and their property.
In most landfalling TCs, heavy rain, strong winds, and storm surge are often
accompanied by an outbreak of tornadoes (Verbout et al. 2007). The number of these
1

tropical cyclone-induced tornadoes (TCIT) produced by a TC can range from fewer than
a dozen to well over a hundred (Verbout et al. 2007). These tornadoes can spawn in the
already chaotic environment and catch the public off guard. Additionally, tornadoes
produced within TCs can often pose a greater hazard to farther inland regions, which is
confounded by their perceived lower risk due to their geographic position. In fact, TCITs
are often the greatest threat that will impact these inland areas, yet are often poorly
forecast, enhancing their threat. Typically, the convective outlooks offered by the Storm
Prediction Center (SPC) merely highlight a broad area largely coinciding with the right
front quadrant of the cyclone (Figures 1.1 and 1.2).

Figure 1.1

SPC probabilistic tornado graphic for the landfall of Hurricane Katrina

“2000 UTC Aug 29, 2005 Day 1 Convective Outlook”
Tropical cyclone center – 31.1ºN, 89.6ºW
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Figure 1.2

SPC probabilistic tornado graphic for the landfall of Hurricane Rita

“2000 UTC Sep 24, 2005 Day 1 Convective Outlook”
Tropical cyclone center – 31.6ºN, 94.1ºW
These TCITs are often underestimated or unaccounted for. Both broadcasters and
National Weather Service forecasters give the majority of the attention to the TC when it
is making landfall. On average, hurricanes alone cause around 10 billion dollars in
damage (Pielke et al. 2008). This skews public perception of risk away from TCITs.
While this skew in public perception can be understandable, it does not remove the threat
that TCITs often impose on the inhabitants of the affected area. Yet TCITs do not
receive sufficient attention from normally reliable sources such as the National Weather
Service or local broadcast meteorologists to provide ample warning to those in the path.
This issue is exacerbated by a lack of forecasting methodology for the prediction of such
events. While advancements have been made regarding forecasting techniques for TCs
and midlatitude supercellular tornadoes, there is little to no information on how to
forecast the combination of these two atmospheric events.
3

In recent years, the focus on tornadoes within tropical systems has become more
prominent. Recent work has revealed the large-scale environmental ingredients
necessary for tornadogenesis in TCs. These synoptic-scale ingredients, while often
similar to those of midlatitude tornadic events, do not manifest themselves in the same
way as those of TCITs (Mercer et al. 2012; Merrill 1988). In addition, the magnitude of
various environmental conditions present in TCs differs from what is expected with
midlatitude outbreaks. Midlatitude tornadic outbreaks are commonly associated with a
balance of both vertical wind shear generated by an upper-level disturbance as well as
instability through surface heating and high lapse rates. In contrast, TCIT environments
are dominated by the generation of helicity through boundary layer vertical wind shear as
well as convection associated with the TC itself (McCaul 1991).
To most meteorologists, weather parameters are essential to making an accurate
assessment of severe environments. These parameters, such as convective available
potential energy (CAPE), convective inhibition (CIN), bulk wind difference (BWD),
storm-relative environmental helicity (SREH), Energy-Helicity Index (EHI), Significant
Tornado Parameter (STP), and Supercell Composite Parameter (SCP), provide diverse
and effective tools for assessing areas of risk for tornadoes and other severe weather
events. While the utility of these parameters is well understood with respect to
midlatitude severe weather, their applicability to tropical systems remains unknown.
This research will investigate the potential for midlatitude severe parameters to
diagnose and forecast tornadic environments within TCs. The primary research objective
is to assess the capability of severe weather diagnostic parameters such as CAPE, CIN,
SREH, EHI, SCP, STP, and others to identify the greatest risk areas for tornadogenesis
4

within tropical systems. The primary research hypothesis is that the use of severe
weather diagnostic parameters in an artificial intelligence (AI) will result in an AI that is
statistically significantly more skillful than a climatological TCIT forecast.
By observing the effectiveness of current midlatitude severe weather diagnostic
variables on TCITs, a better evaluation of the usefulness of these parameters in these
events can be discerned. This may provide forecasters with a better understanding of the
tools available to them and, thus, increase the accuracy of forecasts.

5

CHAPTER II
BACKGROUND
Tornadoes have been observed around the world. Though they tend to form from
supercellular thunderstorms in the midlatitudes, it is not uncommon for a few tornadoes
to be reported while a TC is making landfall. Because of this, it is important to
distinguish the environments of these two vastly different phenomena in order to better
understand the mechanisms involved.
2.1

Midlatitude Cyclones and Tornadic Midlatitude Environments
Midlatitude cyclones play a major role in the daily weather conditions of the

midlatitudes. These systems can last several days, span hundreds of miles, and impact
millions of citizens. These systems are often the result of an upper level, synoptic-scale
trough that develops a cold core low pressure within a baroclinic environment. The
cyclonic flow around the low-pressure system advects differing air masses and results in
the formation of frontal boundaries. These fronts transfer energy between higher and
lower latitudes via thermal advection. A typical midlatitude cyclone environment will
have strong upper-level wind flow that often results in both speed and directional vertical
wind shear throughout the environment. In addition, rapid changes in density over short
distances are commonplace with a frontal boundary and can enhance the instability of an
environment. All of these attributes provide an environment that can be conducive for
the development of supercell thunderstorms. From these supercells, many severe weather
6

phenomena, such as tornadoes, can arise. An example is the 27 April 2011 tornado
outbreak. The midlatitude cyclone is influenced by a longwave trough as well as strong
vertical speed and directional shear (Figures 2.1-2.3). Strong, southerly flow at 850 hPa
is likely advecting warm, moist air into the system (Figure 2.3).

Figure 2.1

A 300 hPa isobaric map of geopotential heights (dam), isotachs (m s-1), and
wind barbs (m s-1).

Collected from the North American Regional Reanalysis (NARR) for 1800 UTC 27 April
2011.
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Figure 2.2

A 500 hPa isobaric map of geopotential heights (dam), isotachs (m s-1), and
wind barbs (m s-1).

Collected from the NARR for 1800 UTC 27 April 2011.

Figure 2.3

An 850 hPa isobaric map of geopotential heights (dam), isotachs (m s-1),
and wind barbs (m s-1).

Collected from the NARR for 1800 UTC 27 April 2011.
Atmospheric conditions present during midlatitude, supercellular
tornadoes have been researched thoroughly over the past several decades (Thompson et
8

al. 2003; Brooks et al. 1994). Conceptual models such as the one presented by Lemon
and Doswell (1979) allow for a more fundamental understanding of the mechanisms
involved in tornadogenesis. Their model suggests that the generation of tornadoes in
supercells is largely influenced by the wrapping of the downdraft region around the
mesocyclone. This creates a rear flank downdraft that interacts with the updraft to stretch
the mesocyclone vertically. This results in an increase in rotational velocity due to the
conservation of angular momentum. When occlusion occurs, the updraft is cut off and
the mesocyclone’s rotation descends to the surface and results in a tornado. More
recently, advanced techniques have specified general atmospheric characteristics
associated with midlatitude tornado outbreaks. Rotated principal component analysis
(RPCA) has determined general characteristics associated with various types of
midlatitude tornadic outbreaks (Mercer et al. 2012). Their findings showed that,
consistently, tornadic environments were associated with higher bulk shear and SREH
while thermodynamic characteristics alone were not sufficient to predict tornadic versus
non-tornadic outbreaks. Studies such as the one by Thompson et al. (2003) show that
moisture and vertical shear are critical in the lowest one kilometer (km) of the
environment and alone can often differentiate between tornadic and non-tornadic
supercells. Increased understandings of the ingredients necessary for tornadogenesis has
produced products based on the effective inflow layer (Thompson et al. 2007a). This
layer represents the region in which inflow into a supercell is most likely and is
characterized by CAPE values of greater than 100 J kg-1 and CIN values greater than 250 J kg-1. The term effective is used due to how well this layer characterizes the inflow
of multiple types of thunderstorms including both tornadic and non-tornadic supercells as
9

well as non-supercellular thunderstorms. The effective inflow layer is often used in
composite parameters to discriminate tornadic and non-tornadic environments. Such
composite parameters allow for an even more robust, yet simplified, summary of the
environment. Some of the more popular composite variables used are the significant
tornado parameter and supercell composite parameter (Thompson et al. 2004). These
variables produce a single value that represents the conduciveness of the environment to
generate tornadoes and supercells respectively. While they are widely used in
midlatitude tornadic outbreaks, their capabilities in tropical systems remain uncertain.
2.2

TCs and TCIT Environments
Understanding of TC environments has improved over the last several decades, in

part due to increasing availability of satellite imagery. For many regions of the ocean,
satellite data is the only way to observe atmospheric conditions. As such, the
implementation of weather satellites improved atmospheric scientists’ capabilities to
detect and study tropical cyclones. Sadler (1964) used data collected from the Television
Infrared Observation Satellite (TIROS) to detect and monitor tropical cyclone activity in
the eastern north Pacific Ocean. More recent studies have also applied satellite imagery
to tropical cyclones (Knaff et al. 2014). Through decades of observation and research,
various key criteria to tropical cyclogenesis have been determined. These storms tend to
form in barotropic environments and develop a warm core structure. TCs are the result of
massive energy differences between the surface and the upper levels in the tropics. Large
areas of convection attempt to transfer heat vertically. Given the proper environmental
characteristics, convective areas can become organized into a TC where the convection is
10

perpetuated through a primary and secondary circulation. These circulations serve to
transfer energy from the exterior of the storm to the center and from the surface to aloft.
TCs, while powerful, are extremely susceptible to outside influences, such as
interactions with upper-level troughs and strong upper-level flow. Interactions with
strong upper-level winds often result in tilting of convection. This is detrimental to TC
development and sustainability as it does not allow for the vertical stacking of latent heat
release within a TC. As such, TCs are often found in environments with little upper
tropospheric flow and under more barotropic conditions where thermal gradients are
weak. Due to the barotropicity of the environments of TCs, they are not characterized by
fronts. This distinguishes them from midlatitude cyclones as the energy transfer within
TCs is primarily performed through latent heat release in the upper levels. Midlatitude
cyclones transfer their energy horizontally through thermal advection. This advection is
possible in the midlatitudes due to the more baroclinic nature of its environment where
strong thermal gradients exist.
Several of these factors are well contrasted in a paper by Klein et al. (2000) who
describe the change in characteristics in a TC as it transitions to an extratropical cyclone.
They point to the lack of baroclinic influences as well as the existence of a prominent,
vertically oriented warm core as key attributes associated with organized tropical
systems. Any interaction with midlatitude systems, upper-level troughs, or baroclinic
environments results in either the deterioration of the TC or the transition to an
extratropical system. An example of a synoptic-scale environment that is conducive for
TC sustainability can be seen in the environment of Hurricane Katrina as it made landfall
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(Figures 2.4-2.6). It is clear to see the lack of speed and directional shear in the upper
levels as well as the lack of an upper-level trough in the area surrounding the hurricane.

Figure 2.4

A 300 hPa isobaric map of geopotential heights (dam), isotachs (m s-1), and
wind barbs (m s-1).

Collected from the NARR for 1200 UTC 29 August 2005.
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Figure 2.5

A 500 hPa isobaric map of geopotential heights (dam), isotachs (m s-1), and
wind barbs (m s-1).

Collected from the NARR for 1200 UTC 29 August 2005.

Figure 2.6

An 850 hPa isobaric map of geopotential heights (dam), isotachs (m s-1),
and wind barbs (m s-1).

Collected from the NARR for 1200 UTC 29 August 2005.
While strong differences between the environments of TCs and midlatitude
cyclones exist, they are both equally capable of producing tornadoes. As such, it is
13

important to further distinguish the environments of these differing systems in order to
understand the reason behind their tornadic potential. Several studies performed over the
last 50 years have taken great steps in evaluating the driving mechanisms behind TCITs.
Smith (1965) noted a strong preference of TCITs to form in the right front quadrant
(relative to the direction of travel of the cyclone). Specifically, an area ranging from 100
to 250 nautical miles from the eye at an azimuth relative to the direction of travel of 30°
to 120° accounted for more than 50% of all TCITs analyzed by this study. Other studies
have also found this to be true (McCaul 1991; Pearson and Sadowski 1965).
Other studies have sought to determine whether tornadogenesis in TCs is due to the same
environmental mechanisms as in midlatitude supercellular tornadic events. While both
CAPE and shear are needed for tornadogenesis in midlatitude supercellular tornadic
events, CAPE values seem to be substantially lacking in tropical systems (Bogner et al.
2000). While stability conditions vary drastically between midlatitude tornadic outbreaks
and those of TCs, some slight similarities in kinematic conditions do exist between these
two environments. Low-level wind shear and SREH are often abundant in TCs (Bogner
et al. 2000; McCaul 1991; Molinari and Vollaro 2010). While many consider shear to be
detrimental to the sustainability of TCs, these studies find that helicity and shear are
primarily generated through strong differences in wind associated with boundary layer
friction. As a result, the shear is not a consequence of upper level, synoptic influences
but rather a product of the TC’s intensity and surface roughness. McCaul (1991) also
noted that the strongest correlation (r = 0.34) between TCIT occurrence and
environmental characteristics was with SREH parameters averaged through a 0-12 km
vertical layer. Conversely, CAPE values were found to have little correlation.
14

Since shear and SREH characteristics are valid predictors in determining the best
tornadogenesis environments within hurricanes, further research could be conducted to
determine if the right front quadrant does, in fact, have the best chance of producing
tornadoes. Bogner et al. (2000) noted that Bulk Richardson shear was most prominent
near the eye and in the right front quadrant. Another study found that shear and SREH
parameters were maximized in the right front quadrant (McCaul 1991). The co-location
of these variables to the right front quadrant as well as their correlation with TCIT
occurrence suggests that these severe weather variables hold potential in forecasting the
occurrence of TCITs.
Additional studies have taken less conventional approaches to determine
environmental influences in TCIT generation. Several studies noted an increase in TCITs
when the storm was recurving to the northeast (Novlan and Gray 1974; Smith 1965).
Verbout et al. (2007) assessed synoptic conditions associated with hurricanes making
landfall in Texas and noted an increase in TCITs when a 500 hPa trough was in place
over the north central United States. They theorized that the introduction of deep layer
shear from the trough in the right front quadrant of the storm increases tornadogenesis
potential. This would have the byproduct of increasing the likelihood of the hurricane
recurving as wind flow would steer the tropical cyclone in a more northeasterly direction.
Another study found a moderate relationship between the size of TCs and tornado
potential (Belanger et al. 2009).
2.3

Threat of TCITs
Tornadoes are a probable threat associated with landfalling tropical systems.

Over a period from 1954 to 2004, as many as 83% of hurricane landfalls from the
15

Atlantic Basin had tornadoes associated with them (Verbout et al. 2007). Moore and
Dixon (2011) found that Gulf Coast landfalling hurricanes produced a median of 13
TCITs. TCITs alone accounted for 10% of all hurricane-related fatalities in a period
from 1948 to 1972 (Novlan and Gray 1974). However, recent studies have shown a
reduction of the number of TCIT-related fatalities to around 3% (Rappaport 2014). This
could be largely attributed to the implementation of Doppler radar and the improved
capabilities of detecting tornadic signatures.
Other studies also reveal a significant increase in the number of TCITs reported in
landfalling TCs (Verbout et al. 2006). The primary driver of this is believed to be the
implementation of Doppler radar in the early 1990s. Because radar can detect rotation, it
becomes much easier to find TCITs in an otherwise chaotic environment. Agee and
Hendricks (2011) compared the difference in TCITs in a period 15 years prior to Doppler
radar implementation (1979-1993) and 15 years following Doppler radar implementation
(1996-2010) for the state of Florida. They found the number of TCITs detected per TC
nearly doubled with the utilization of Doppler radar. Additionally, the study noted that
there were no TCITs reported for hurricanes of greater than Category 2 intensity on the
Saffir-Simpson hurricane wind scale (SSHWS) in the pre-Doppler period. The authors
believed this to be due to the inability to distinguish between hurricane damage and
tornado damage. This suggests that the detection of TCITs in hurricanes of greater than
Category 2 intensity is nearly impossible without Doppler radar.
2.4

Midlatitude Severe Weather Diagnostic Variables and TCs
A large-scale evaluation needs to be conducted to discern the effectiveness of

midlatitude severe weather diagnostic variables on tropical cyclones. Parameters such as
16

STP and SCP have become increasingly used in recent years with midlatitude severe
weather events (Thompson et al. 2004). However, the effectiveness of predicting
tornadic potential in a TC environment remains unknown. Only one study has considered
these parameters, a case-study of Hurricane Ivan in 2004 (Baker et al. 2009). They
examined 62 available vertical soundings to calculate these parameters for the storm.
They noted that STP and SCP were insignificant in all quadrants with the exception of
the right front quadrant. This coincides with prior research that suggests the right front
quadrant is the most prolific tornado producer. The authors also noted a significant
increase in vertical wind shear due to surface friction when the storm made landfall.
While this study does perform an analysis on the effectiveness of these parameters on
predicting TCITs, it only applies to Hurricane Ivan itself.
A climatological approach is required to assess how effective SCP and STP are in
TC environments. While the Baker et al. (2009) discerned that SCP and STP could be
used on Hurricane Ivan to determine tornadogenesis potential, they noted that the unique
synoptic environment was a key contributing factor to the prolific generation of tornadoes
that Ivan was capable of. These results are severely dependent on a small number of
observations and TCs to come to their conclusions. By using a larger sample of TCs and
TCITs, more accurate conclusions can be made that are more indicative of the population
of TC and TCIT event’s characteristics.

17

CHAPTER III
DATA AND METHODS
3.1

Time Period and Focus Region
Given the need for a climatological approach, it was important to define a

sufficiently long study time period. However, TCITs were not consistently observed
until the Doppler radar era (Agee and Hendricks 2011). Because of this, a period from
1991 through 2011 was selected to cover the period of Doppler-availability. Data after
2011 would be withheld to use as a testing dataset. Technically, Doppler radar
implementation took place over several years in the early 1990s, with all radars online by
1995, but a time-series analysis revealed no notable increase in TCIT occurrence from
1991-1995 (Figure 3.1). Thus, TCIT reports back to 1991 were deemed acceptable.
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Figure 3.1

The average number of TCITs per storm over the period of research (19912011).

The dotted line represents a linear regression of the data to highlight any general trend in
the dataset. The linear regression has a slope of 0.026. The slope of the linear regression
has a p-value of 0.701 which is not statistically significant.
Because Pacific TCs rarely cause TCITs compared to Atlantic TCs, this study
focuses only on the Atlantic hurricane basin. Additionally, only tornadoes reported in the
conterminous United States are included to remove reporting biases between countries.
No tornadoes originating over water were considered since no tornado reports are
collected over oceans. The data availability for the Atlantic hurricane basin (180 TCs
19

and 482 tornadoes) is sufficient to gather a valid assessment of tornadic potential within
tropical systems (Figure 3.2).

Figure 3.2

Touchdown location of TCITs found within 500 km of TC center from
1991 through 2011.

The dark perimeter represents the combined 500-km search radius of all the TC timesteps
that produced tornadoes.
3.2

Data Sources
Information on past TCs is obtained from the database available through the

National Hurricane Center (NHC) known as the Atlantic Hurricane Database 2
(HURDAT2; Landsea and Franklin 2013). The only information required from the
HURDAT2 data was that of the dates, times, coordinates of the storm center, storm
20

category, and maximum wind speed. In order to minimize error associated with
midlatitude synoptic influences on tropical systems, it was important to include only
storm timesteps that were primarily under tropical influence. To do this, only timesteps
with a classification of tropical storm or hurricane (of category 1-5 intensity) on the
SSHWS were used. This was to ensure that tropical depressions, as well as storms of
extra-tropical nature, were not included. Such classifications of tropical cyclones are far
more likely to exist in baroclinic environments which would cause a discrepancy in the
data. By limiting this dataset to these criteria, the dataset was more likely to contain data
on tornadoes produced by TCs and not those produced through other processes.
Tornado data were obtained through the Storm Prediction Center (SPC) and its
Warning Coordination Meteorologist (WCM) page (Schaefer and Edwards 1999).
Through this database, all tornadoes reported in the period of study were collected.
These data, like the TC data, were primarily utilized to obtain information regarding the
timing and location of tornadoes as they occurred. To obtain information on the
environments generating TCITs, NARR data was gathered from the National Centers for
Environmental Prediction (NCEP; Mesinger et al. 2006). The NARR data offers a 349 x
277 Lambert Conformal spatial grid centered on the contiguous United States with a
horizontal resolution of 32 km. The NARR are provided on 29 pressure levels (and a
surface level) and span from 1000 to 100 hPa. These data are available for a period
spanning 1979 through present with a temporal resolution of three hours. The data that
were collected include both mono-level data (mean sea level pressure [MSLP], 2-m air
temperature, 2-m dew point, and 10-m zonal and meridional wind components) as well as
pressure level data (geopotential height, zonal and meridional wind components, specific
21

humidity, and air temperature). These data were then applied in two ways: 1) to use
MSLP to locate the TC center characterized by the NARR and 2) to generate soundings
with the goal of computing severe weather diagnostic variables. The variables that were
calculated included CAPE, CIN, lifted condensation level (LCL), SREH, BWD, EHI,
STP, and SCP. While several of these variables were already available through the
NARR dataset, more precise measures of storm stability, shear, and overall intensity
could be determined by the generation of soundings through the aforementioned data.
This studies method of calculating soundings involved interpolating the data from the
NARR to a ten-meter vertical resolution. This higher vertical resolution may not improve
the accuracy of the values calculated from the soundings; however, it will increase the
precision.
TC speed and direction of travel were also calculated using the center points of
each TC timestep. These variables from HURDAT2 provided a proxy measure for
quadrant, which has been shown to be a critical factor in identifying TCIT location and
should be incorporated into the AI. Figures 3.3 and 3.4 depict helicity environments for
Hurricane Katrina as it made landfall in Florida compared to its landfall in Mississippi.
The difference between the northeast quadrant of the storm and the right front quadrant
can vary depending on the storm motion.
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Figure 3.3

The 0-3 km SREH (m2 s-2) of Hurricane Katrina as it made landfall on the
Florida coastline.

The quadrants depicted by the solid lines represent the quadrants relative to the storm
motion. The directional quadrants are also labeled. The quadrants depicted by the
dashed lines represent the quadrants relative to true north.

Figure 3.4

The 0-3 km SREH (m2 s-2) of Hurricane Katrina as it made landfall on the
Mississippi coastline.

The quadrants depicted by the solid lines represent the quadrants relative to the storm
motion. The directional quadrants are also labeled. The quadrants depicted by the
dashed lines represent the quadrants relative to true north.
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The differences in the distribution of helicity across the hurricane between these
timesteps can be partially explained through observing the storm’s direction of travel.
However, calculation of the storm heading was particularly challenging owing to the
spherical nature of the Earth. It is known that the shortest distance between any two
points on a spherical surface follows a great circle. When traveling along a great circle
line, the bearing of travel is constantly changing (unless moving meridionally or moving
along the equator). This proved problematic as only a single value for heading was
needed to feed into the AI. However, Rhumb lines are lines on a spherical surface that
follow a constant bearing. While these lines do not follow the shortest possible distance,
the ability to obtain a single value for bearing through these lines made them more
beneficial to feed into an AI. Additionally, any calculations of storm speed and direction
of travel are entirely estimated as the path that a TC may take in a six-hour period does
not necessarily follow the path of shortest distance. Because of this, the direction of
travel that was used for this study was the bearing calculated along a Rhumb line.
Consistent use of the Rhumb line for all storm bearing estimates ensured that no biases
existed in the AI when incorporating the heading predictor.
3.3

Data Organization
In order to best determine which tornadoes were associated with a given

HURDAT2 timestep, a distance threshold needed to be established. This threshold would
define which tornadoes were associated with a TC and which were influenced by other
processes. A reliable method of achieving this was simply by determining the distance
between a storm center and all tornadoes at that time. Distance was computed from the
Haversine Formula for a series of radii ranging from 100 to 1200 km at 100 km intervals
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(Figure 3.5). The number of tornadoes added by expanding the radius of search from 500
to 600 km and beyond was minimal. In addition, increasing the radius too far increased
the likelihood of including tornadoes that were generated outside of the TC environment.
As a result, a 500 km search radius was chosen.

Figure 3.5

The number of TCITs found within a given search radius around TC
centers.

The vertical dotted line represents the radius of search used in this study, 500 km.
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All tornadoes found within 500 km of the storm center during the valid time
period (6 hours following the associated TC timestep) and their associated TC were
retained. One issue with this approach is the continuous temporal nature of tornado
reports in contrast with six-hourly HURDAT2 TC reports. To pair these databases
together, tornadoes were binned with an associated TC timestep that was most
representative of that given tornado’s environment. Using tornadoes from a six hour
period surrounding the HURDAT2 timestep or from the six hours prior to the HURDAT2
timestep would use environmental data to predict TCITs that would have already
occurred. Because of this, it was decided that using all tornadoes that occurred within
500 km of the TC center in the six hours following a given HURDAT2 timestep would
result in an associated TC timestep that was most indicative of the environmental
characteristics that would eventually help generate these tornadoes.
Before collecting the data needed from the NARR could begin, the storm center
needed to be found based off of the NARR file’s grid system. The location of the storm
center reported in the HURRDAT 2 does not always coincide with a gridpoint on the
NARR domain (Figure 3.6). Because a grid of NARR data needed to be obtained, the
center of the storm had to be defined on the NARR grid. The center of the storm was
defined on the NARR domain by retrieving data from the NARR files and finding the
lowest pressure value within 100 km of the archived TC center. Once this was
accomplished, a true representation of the TC center on the NARR grid was known.
From this center, a grid of 1056 km by 1056 km centered on the NARR storm center was
created based off of the aforementioned 500 km search radius.
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Figure 3.6

Isobaric contours (hPa) of MSLP within the eye of Hurricane Ivan.

The star represents the NARR domain center while the triangle depicts the location of the
storm center as reported in HURDAT2.
3.4

Data Analysis
An SVM is a form of AI that performs classification of data that is linearly non-

separable. This is achieved through a kernel function that allows data to be translated to
a higher dimension where a hyperplane can separate the data. This hyperplane is a
subspace that is one dimension lower than the space it exists in. SVMs are effective at
classification tasks due to their iterative nature of obtaining the best possible hyperplane
to maximize separability (Cristianini and Shawe-Taylor 2000). The way this hyperplane
is determined can also be controlled through the cost which controls the weight that
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outlier events have on determining the most optimal hyperplane. The use of an AI in this
manner can aid in determining the key characteristics required for tornadogenesis in TCs.
In order for machine learning systems such as support vector machines (SVM) to
be successful in their classification, it is critical that tornadic and non-tornadic events be
provided in the training dataset. To ensure this was the case, two primary criteria were
required before a gridpoint could be used as a training point for the SVM:
1) The gridpoint must be over United States mainland to obtain tornado
reports for the point (if there were any)
2) Relative to the cyclone’s storm-centric domain, the given gridpoint must
have experienced a tornado at some point in the full climatology of TCs
used in the study
For a gridpoint to be affected by a tornado, a tornado must occur within 25 miles (40.2
km) of that point, consistent with the verification definition provided by the SPC (Kay
and Brooks 2000). Since the AI was storm-centric, all gridpoints retain their stormcentric position regardless of the given timestep. Ensuring any given gridpoint
experienced a tornado at least once in the full database certified that point will have
instances of tornado/no tornado on which to train the SVM. It should be stated that, after
this point, the term gridpoint is not used to specify a constant point on the storm-centric
domain, but rather an individual gridpoint that is unique to a given timestep.
Severe weather parameters were computed from individual soundings based on
each retained gridpoint from the methodology described previously. Parameters were
then used as input into a SVM AI model to predict tornado occurrence at each point in
the cyclone’s storm-centric domain.
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In order to develop a reliable SVM, the best possible configuration of the SVM
needed to be established. This was done in multiple phases:
1) Establish which kernel resulted in the most skilled model.


By providing the entirety of the parameters and tornado/no tornado
data to the support vector machine it can be determined which kernel
method performed the best. Radial and polynomial kernel methods
were attempted. Additionally, cost functions of 1, 10, 100, 1000, and
10000 were tested. For the radial basis function (Gaussian) kernel,
gammas of 0.01, 0.05, and 0.1 were tested. Finally, for the polynomial
kernel, degrees of 0.5, 2, 3, and 4 were tested. It should be noted that
the effectiveness of each kernel type was assessed without crossvalidation due to time constraints.

2) Determine which configuration resulted in the most skilled model.


This phase used the best kernel from phase 1 to determine which
combination of configurations for that kernel resulted in the most
skilled model. At this point, the SVM was cross-validated through the
use of a training dataset that constituted data from a random 80%
sample of the tornadic and non-tornadic gridpoints. The remaining
20% of data was used to test the model. This was done for each AI
configuration with 100 bootstrap replicates in order to obtain
confidence intervals of the performance statistics (Efron and
Tibshirani 1993). A bootstrap is a resampling statistic that, in this
case, allowed the AI to be run 100 times with 100 different testing and
29

training datasets in order to accurately assess the skill of the AI over
multiple iterations. While it is preferable to use no less than 1000
bootstrap replicates in most circumstances, running an individual AI
configuration only once took anywhere from 10 to 30 minutes. As a
result, running every AI configuration 100 times was already timeconsuming and adding more replicates was not computationally
feasible.
3) Determine which predictors, when removed, resulted in an increase in the
AI’s skill.


The configuration from phase 2 that resulted in the highest median
Heidke Skill Score (HSS) was used as the default configuration for
this phase (Wilks 2011). The HSS is a method of assessing the
accuracy of a forecast compared to climatology. This configuration of
the SVM was provided a training dataset consisting of 80% of the
tornadic and non-tornadic data. However, because the amount of time
that would be required to run the AI with every possible predictor
permutation would be computationally infeasible, a backward
elimination procedure was implemented. In this method, the predictor
matrix was presented to the SVM to determine the overall skill of the
AI. A predictor was then removed from the predictor matrix, and the
AI was rerun without that predictor. This was repeated for all
predictors. Once this had been completed, the predictor that resulted
in the most skilled AI when removed was permanently removed from
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the predictor matrix. This process was repeated until there were no
predictors left. At that point, the predictor matrix that resulted in the
highest possible HSS was determined to have data that was the most
pertinent at predicting the generation of tornadoes in TCs.
4) Test the best AI configurations with the best predictors on a true testing
dataset consisting of data from 2012 through 2014.


While cross validation is helpful in determining a more accurate
assessment of an AI’s skill, often times it is more beneficial to test an
AI on an entirely new set of data. Because of this, a testing dataset
consisting of data from 2012 through 2014 was used as a true testing
dataset. This was primarily to further test the capabilities of the AI on
a situation that would resemble a real world application. Additionally,
the full 1991-2011 dataset was used to train the AI, which should
provide improved performance over the cross-validated results.
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CHAPTER IV
RESULTS
There is a preferential tendency for TCITs to occur in the northeastern quadrant of
the TC (Figure 4.1). This pattern is also somewhat representative of the distribution of
tornadoes across the directional quadrants (right front, right rear, left front, left rear). The
average direction of travel for TCs producing tornadoes was 12.87 degrees from true
north, with a directional standard deviation of 39.11 degrees (Figure 4.2). This suggests
that TCs affecting the United States that are producing tornadoes are primarily moving in
a northward direction. Because of this, the distribution shown in figure 14 can be
interpreted in a similar manner as to the results found by Smith (1965), McCaul (1991),
and Pearson and Sadowski (1965) who suggest that tornadogenesis in TCs is strongly
biased towards the right front quadrant of the storm (Figures 4.3-4.5).
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Figure 4.1

The number of TCITs that occurred at a given gridpoint over all TC
timesteps used in the study.

The distribution of tornadoes is not relative to storm motion.

Figure 4.2

The distribution of the direction of travel of TCs when producing a tornado.
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Figure 4.3

The distribution of tornadoes associated with hurricanes (1955-1962)
relative to the direction of travel of the hurricane.

Created by Smith (1965). The shaded region depicts what he referred to as the
“significant sector” and depicts the area containing 56 percent of all tornado occurrences.

Figure 4.4

The distribution of tornadoes generated in hurricanes (1948-1986) relative
to the storm direction of travel.

Created by McCaul (1991). The diameter of the circle is proportional to the F-scale
rating of the tornado.
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Figure 4.5

The distribution of tornadoes generated in hurricanes (1955-1964) as
referenced to the storm center and direction of travel.

Created by Pearson and Sadowski (1965). Contours depict the regions containing 75%,
50%, and 25% of the tornado occurrences.
The results of phase one of the SVM configuration showed that, overall, most
configurations of the radial SVM kernel resulted in a more skilled model when compared
to the polynomial kernel (Table 4.1). Consistently, the radial kernel showed higher skill
in addition to a higher probability of detection (POD), a lower false alarm ratio (FAR),
and neutral bias (Wilks 2011). As a result, the polynomial kernel method was discarded
in favor of the more skilled radial kernel method. However, it was still important to
determine what configuration of gamma and cost produced the most skilled model. The
results of phase two showed that there were five radial basis function configurations that
tied for the best performing configurations, with no statistically significant differences in
the HSS or critical success index (CSI; Table 4.2; Wilks 2011).
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Table 4.1

The results from running various AI configurations without cross validation
in order to determine the most skilled configuration.
Polynomial Kernel

Cost
1

10

100

1000

10000

Cost
1

Degree
0.5
2
3
4
0.5
2
3
4
0.5
2
3
4
0.5
2
3
4
0.5
2
3
4

HSS

Gamma
0.01
0.05

HSS

CSS
0
0
0.055
0.233
0
0
0.153
0.381
0
0
0.248
0.542
0
0
0.335
0.696
0
0.084
0.419
0.780

0
0.022

POD
0
0
0.029
0.133
0
0
0.084
0.238
0
0
0.144
0.376
0
0
0.204
0.537
0
0.049
0.269
0.643

FAR
0
0
0.029
0.134
0
0
0.085
0.240
0
0
0.147
0.393
0
0
0.213
0.577
0
0.074
0.311
0.748

Radial Kernel
CSS
POD
0
0
0.011
0.011

BIAS
0
0
0.133
0.052
0
0
0.080
0.030
0
0
0.135
0.103
0
0
0.181
0.113
0
0.872
0.332
0.178

FAR

0
0
0.033
0.142
0
0
0.092
0.247
0
0
0.170
0.438
0
0
0.261
0.651
0
0.579
0.465
0.910
BIAS

0
0.000

0
0.011

0.1
0.01
0.05
0.1
0.01
0.05

0.085
0.006
0.305
0.555
0.125
0.622

0.045
0.003
0.182
0.388
0.068
0.455

0.045
0.003
0.184
0.395
0.068
0.466

0.016
0.000
0.057
0.045
0.052
0.047

0.046
0.003
0.195
0.413
0.072
0.489

1000

0.1
0.01
0.05
0.1
0.01

0.806
0.288
0.824
0.954
0.535

0.678
0.170
0.704
0.913
0.369

0.699
0.172
0.723
0.925
0.373

0.042
0.057
0.036
0.014
0.033

0.730
0.182
0.751
0.938
0.369

10000

0.05

0.950

0.907

0.918

0.013

0.931

0.1

0.991

0.983

0.986

0.003

0.989

10

100
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Table 4.2

The 95% confidence interval (CI) of the HSS of 100 cross-validated
bootstrap replicates of all radial AI configurations.

Heidke Skill Score
Cost
Gamma
Lower CI
Median
Upper CI
0
0
0
1
0.01
0.000
0.007
0.022
1
0.05
0.007
0.022
0.049
1
0.1
0.000
0.000
0.014
10
0.01
0.101
0.129
0.177
10
0.05
0.223
0.266
0.321
10
0.1
0.023
0.048
0.080
100
0.01
0.274
0.332
0.373
100
0.05
0.357
0.413
0.461
100
0.1
0.116
0.149
0.192
1000
0.01
0.362
0.421
0.474
1000
0.05
0.389
0.439
0.496
1000
0.1
0.234
0.275
0.334
10000
0.01
0.371
0.431
0.476
10000
0.05
0.361
0.416
0.462
10000
0.1
The shaded rows represent the configurations that are tied for highest skill.
Once the best AI configurations had been established, it was important to then
determine which predictors were positively contributing to model performance and which
were resulting in a loss of skill. The configuration with the highest median bootstrap
HSS was used in phase three. By iteratively removing predictors, severe weather
variables were identified that improved AI performance (Table 4.3). These variables were
retained and used in future AI runs. The other variables were discarded.
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Table 4.3

The predictor that was removed from the predictor matrix used in the AI
(left) and the resulting HSS (right).
Predictor Removed

Resulting HSS
None
0.478
SREH (Effective / Right Moving)
0.494
SREH (Effective / Left Moving)
0.517
SCP
0.532
STP
0.538
BWD (Effective)
0.541
EHI (0-6 km)
0.548
SREH (0-3 km / Right Moving)
0.536
EHI (0-3 km)
0.550
0.528
EHI (0-1 km)
0.490
SREH (0-1 km / Left Moving)
0.464
Most Unstable LCL
0.389
SREH (0-6 km / Right Moving)
0.306
SREH (0-6 km / Left Moving)
0.208
SREH (0-1 km / Right Moving)
0.130
BWD (0-3 km)
0.081
BWD (0-1 km)
0.049
Storm Direction of Travel
0.022
Most Unstable CIN
0.014
Most Unstable CAPE
0.000
SREH (0-3 km / Left Moving)
0.000
BWD (0-6 km)
0.000
Storm Speed
It should be noted that for a given HSS on the right, the removed predictors included the
one listed and all listed previously (a backward elimination procedure). The data that
were determined to be the most capable of predicting TCIT occurrence are in bold.
The performances of the five best AI configurations were compared with only the
best performing predictors and with all predictors (Table 4.4). Out of the five bestperforming AI configurations, only three configurations were improved by removing all
but the aforementioned variables. The other two configurations showed a decrease in
performance capabilities. Table 4.5 summarizes the three remaining AI configurations
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and their associated contingency statistics. It should be noted that because the lower
limits of the HSS CI are greater than zero, these final AI configurations are statistically
significantly more skillful than climatology.
Table 4.4

The 95% CI of the HSSs of the five best performing AI configurations.

Heidke Skill Score
Cost Gamma
Using All Predictors Using Best Predictors
0.461
0.451
Upper CI
0.413
0.404
100
0.1
Median
0.357
0.346
Lower CI
0.474
0.455
Upper CI
0.421
0.402
1000 0.05
Median
0.362
0.348
Lower CI
0.496
0.534
Upper CI
0.439
0.487
1000 0.1
Median
0.389
0.440
Lower CI
0.476
0.525
Upper CI
0.431
0.475
10000 0.05
Median
0.371
0.428
Lower CI
0.462
0.526
Upper CI
0.416
0.482
10000 0.1
Median
0.361
0.422
Lower CI
The 95% CI is compared for both before and after the removal of the predictors deemed
insignificant in phase two. The selected AI configurations that were used were based on
the top performing AI configurations from phase two.
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Table 4.5
Cost

The 95% confidence intervals of the results of the three best performing AI
configurations.
Gamma

1000

0.1

10000

0.05

10000

0.1

Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI

HSS
0.534
0.487
0.440
0.525
0.475
0.428
0.526
0.482
0.422

CSI
0.370
0.327
0.288
0.362
0.318
0.278
0.364
0.324
0.274

POD
0.524
0.465
0.411
0.520
0.461
0.411
0.574
0.520
0.450

FAR
0.527
0.480
0.411
0.541
0.496
0.441
0.589
0.541
0.488

BIAS
1.004
0.887
0.804
0.996
0.902
0.812
1.276
1.142
1.024

The final phase of results came from testing the capabilities of the AI on a set of
data independent of the data used to train the AI. While the original dataset consisted of
data from 1991 through 2011, the new training dataset consisted of data from 2012
through 2014. In doing so, a more realistic conclusion from what an application in the
real world may look like was possible. The results of this phase are not shown in a table
as none of the five best performing AI configurations resulted in the prediction of any
tornadoes. This result is certainly surprising and could be the result of several factors
including the testing dataset size as well as the differing nature of the training and testing
datasets.
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DISCUSSION
The objective of this study was to determine the capabilities of midlatitude severe
weather diagnostic variables at predicting areas of TCIT occurrence within TCs using a
SVM AI. The results of phase one showed the radial kernel was more reliable at
producing a more skilled AI. In addition, regardless of the kernel, the use of higher costs
resulted in a more skilled AI. Phase two supported this by dissecting the radial method
into its various components. Consistently, high-cost configurations resulted in a more
skilled AI. This would suggest that the utilization of outlier cases in the SVM resulted in
poor model performance, as higher costs penalize outlier cases more heavily in the
optimization.
Interesting conclusions were also made when looking at which variables
contributed most to AI performance. There were multiple variables that, when left out of
the predictor matrix, resulted in a statistically significantly more skilled model (Table
4.3). The most consistently unreliable variables were those pertaining to the Effective
Inflow Layer (Thompson et al. 2007a). The removal of these variables (including STP
and SCP) in the predictor matrix consistently resulted in a more skilled model.
Thompson et al. (2007) used over a thousand soundings associated with supercell
environments across the United States and found a specific range of stability criteria
resulted in the most accurate estimation of the inflow layer. Specifically, this Effective
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Inflow Layer constitutes any levels of the atmosphere whose CAPE is greater than or
equal to 100 J kg-1 and whose CIN is greater than or equal to -250 J kg-1. Their
methodology of determining what constitutes an effective layer was oriented primarily at
midlatitude thunderstorm events. As such, it would stand to reason that such estimations
of the effective inflow layer (and associated measurements) would not be relevant in the
environments of TCs.
Perhaps an inflow layer that was more calibrated to tropical environments may
result in better performance when predicting the development of TCITs. The difference
between supercells that form in the midlatitudes versus those formed in TCs is
highlighted in a study by McCaul and Weisman (1996). Their study simulated
convective storms found within hurricanes that produce tornadoes. While they do refer to
these storms as supercells, these supercells are incredibly shallow in nature due to low
lapse rates. In addition, their rotation is almost entirely driven through the ingestion of
boundary layer vorticity as opposed to their midlatitude counterparts which rely more on
bulk shear and environmental helicity.
Phase three revealed parameters pertaining to lower levels of the atmosphere were
more beneficial to the AI compared to those covering a deeper atmospheric column.
Because lower-level, boundary layer-induced shear is critical to the generation of TCITs,
the effectiveness of shallow, lower-level helicity, shear, and EHI values at predicting
TCITs is not surprising. Also, while previous studies have shown that the
thermodynamic environment within TCs is marginal at best (Bogner et al. 2000), this
study found that the inclusion of thermodynamic variables improves AI prediction of
TCIT occurrence. This does not imply that variables such as CAPE, CIN, and LCL can
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individually predict TCITs; rather, it suggests that including thermodynamic variables in
the AI, in combination with the other retained predictors, results in a more skilled
performance. This conclusion suggests that, while TCs are thermodynamically driven
systems, both thermodynamic and kinematic conditions play a role in the generation of
TCITs.
Only three of the five best performing AI configurations had improving HSSs
with the removal of the ineffective predictors (Table 4.4). In fact, the two AI
configurations that did not improve became worse by the removal of the aforementioned
predictors. This could be due to several factors; however, the most likely cause is due to
the way the predictors were tested. The method for phase three used the AI configuration
with the best median HSS value (cost of 1000, gamma of 0.1). As a result, the AI that
was likely to be improved the most was the same AI that was used to test for the worst
predictors.
As can be seen through both the HSS and the CSI, the three best AI
configurations performed with statistically significantly greater skill than climatology
(Table 4.5). The success of the AI in predicting small-scale features such as TCITs in the
chaotic environment of TCs provides confidence in using AI to dissect the environments
of TCITs. However, while these results do show that predicting tornado occurrence in
TCs is possible, more work needs to be done before this methodology could be applied as
a public advisory tool. In addition, other values in the table, such as POD and FAR,
further express the difficulties that these AI had at predicting TCIT occurrence. With the
POD ranging around 50%, it is certainly no guarantee that if a TCIT occurs, the AI will
predict it. In addition, values of the FAR also were found to be around 50%. This
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suggests that even if the AI did predict that a TCIT would occur, it only did so correctly
half the time. Finally, the bias was below one for the first two AI configurations and
above one for the last AI configuration. This suggests the AI was predicting too few
TCIT occurrences in the first two configurations and too many TCIT occurrences in the
last two configurations. The AI can be de-biased in future research in order to mitigate
this error. These results suggest that the AI are far from perfect, however, various
approaches will be taken in future work to improve the performance of these AI.
Finally, the results gathered from the last phase suggest that the AIs had difficulty
forecasting the generation of tornadoes based on the training dataset. There are many
reasons as to why this could be, not the least of which could be overfitting the AI to the
previously mentioned dataset. Overfitting is possible when an AI is too specifically
trained on one dataset to the extent that it is unable to adapt to a new dataset easily.
Another contributing factor is the small sample of gridpoints used as testing data. While
nearly one-hundred thousand gridpoints were used to train the data, only around a
thousand gridpoints were used as testing data. Of these thousand, only 82 actually had
TCITs associated with them. Perhaps a larger testing dataset would result in a more
successful AI performance. Additionally, further research was made into the
environments of tornadic gridpoints post-2011 in comparison to the tornadic gridpoints
pre-2011. By bootstrapping the median values of all the variables retained through phase
two with 10,000 bootstrap replicates, it was possible to objectively determine differences
between the two datasets (Table 5.1). The findings show that several key environmental
variables are statistically significantly different in the post-2011 testing dataset when
compared to the pre-2011 training dataset. Overall, the thermodynamic conditions
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appear to be far weaker in the post-2011 dataset. In addition, the kinematic conditions
show higher values of helicity and shear in the post-2011 TCIT environments. All of
these factors show a testing environment that is statistically significantly different in
almost every way to the training dataset. This explains the poor AI performance as the
AI believed the environment to be unconducive to tornadogenesis based off of its
training.
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Table 5.1

A comparison of the 95% confidence interval bootstrap medians of pre2011 TCIT environments and post-211 TCIT environments.
Variable Type

CAPE (J kg-1)

CIN (J kg-1)

LCL (hPa)

SREH (0-1 km / Right Moving) (m2 s-2)

SREH (0-1 km / Left Moving) (m2 s-2)

SREH (0-3 km / Left Moving) (m2 s-2)

SREH (0-6 km / Right Moving) (m2 s-2)

SREH (0-6 km / Left Moving) (m2 s-2)

BWD (0-1 km) (m s-1)

BWD (0-3 km) (m s-1)

BWD (0-6 km) (m s-1)

EHI (0-1 km)

Storm Speed (m s-1)

Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
Upper CI
Median
Lower CI
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Pre-2011
227.837
210.311
193.518
-21.381
-25.001
-29.386
907.483
904.788
901.822
233.369
225.273
214.809
381.959
354.753
325.483
409.011
384.956
358.098
153.018
146.620
138.186
304.948
287.713
276.372
13.457
12.997
12.530
14.874
14.448
14.070
12.641
12.305
11.865
0.148
0.130
0.115
6.129
5.966
5.819

Post-2011
173.756
118.397
52.455
-29.624
-54.182
-73.046
917.944
911.863
905.608
302.408
268.396
244.672
345.915
272.715
228.743
449.340
404.865
359.045
199.424
182.698
161.751
461.996
408.040
323.776
15.374
14.857
13.978
16.415
15.682
14.823
15.301
13.727
12.563
0.141
0.086
0.033
6.153
4.976
4.670

CONCLUSION
This research has shown potential for the use of AI in predicting the occurrence of
TCITs. In addition, the incorporation of midlatitude severe weather parameters in
forecasting these TCITs provided insightful information regarding their capabilities at
being applied to TC environments. While studies in the past have attempted to employ
some midlatitude severe weather parameters to forecast TCITs, none have used such a
large dataset or implemented AI to do so (Baker et al. 2009). This marks a novel strategy
to forecast the location and time of TCITs. With HSSs of around 0.5, the AI showed
consistent capabilities to forecast the occurrence of TCITs based entirely off of variables
normally applied to midlatitude severe weather events.
Beyond the capabilities of the AI, results were also obtained regarding which
midlatitude severe weather variables are most effective at predicting TCIT occurrence.
This alone provides insight into the mechanisms involved in tornadogenesis in TCs.
Information regarding the most effective predictors could be used by severe weather
forecasters to improve forecasts of TCITs. In addition, future research could combine
these midlatitude severe weather parameters with information regarding characteristics
more specific to tropical environments (such as sea surface temperature, storm radius,
wind magnitude, etc.) to establish the optimal set of variables that should be used for the
forecasting of TCITs.
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There is clearly potential associated with using midlatitude severe weather
parameters on forecasting TCITs. While this study shows successful AI performance,
there are many other methods that could be attempted to potentially achieve better results.
In addition, limitations on computational power prevented further investigation into what
could be done using this methodology to improve AI skill. Simple measures such as bias
correction could lead to changes (possibly improvements) in AI performance.
Furthermore, attempts at determining the ideal predictors for each AI configuration may
not only improve AI capabilities, it may also further solidify those predictors that are
more effective at predicting the occurrence of TCITs.
The AI skill can be further evaluated via an ensemble approach by averaging the
predicted occurrence of tornadogenesis across multiple AI configurations or other forms
of AI (such as neural networks, random forests, etc.). This ensemble could then be used
to compare to climatology in order to obtain a Brier Skill Score (BSS), a measure of skill
specifically designed for probabilistic forecasting. This metric could show potential
advantages from ensemble forecasting for TCIT occurrence.
Support vector machines are certainly not the only form of machine learning that
is available. Similar approaches to this research could be taken implementing other
machine learning techniques such as neural networks, random forests, or even genetic
algorithms. Future advances in these techniques would allow for comparison of various
forms of AI at predicting the occurrence of TCITs.
The ultimate goal of this research was to discover the capabilities of midlatitude
severe weather parameters at predicting TCITs using AI. While the results from this
study are by no means all-encompassing, a general idea of their performance has been
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achieved. Midlatitude severe weather parameters can be used in conjunction with SVM
AIs to generate reasonably capable predictions of TCIT occurrence. In addition, the
process of removing ineffective predictors allowed for a better understanding of which
severe weather parameters are more capable of predicting TCITs. Furthermore, AI was
shown to have skill at predicting TCIT occurrence that was statistically significantly
higher than climatology by a fair margin. However, the performances of the various AI
configurations were not flawless. The low POD, high FAR, and skewed biases illuminate
issues these AI had at predicting TCITs. In addition, the lack of capability of the AI to
predict TCIT occurrence when presented with new data merits further testing on new
datasets.
With the ever-growing prevalence of AI in daily life, the implementation of these
AI on climatology and meteorology will continue to grow. The use of such techniques on
TCITs has been shown to be somewhat effective. While the capabilities of the AI, as
they stand, can be improved, it has been shown that the application of midlatitude severe
weather diagnostic variables in a SVM resulted in an AI that was statistically
significantly better than climatology. Beyond this, the conclusions drawn from the
various severe weather parameters and their capabilities are, in themselves, revealing.
While several predictors are shown to be more capable than others, there still seems to be
a limitation associated with using midlatitude severe weather parameters on a TC
environment. Future research could create new parameters with the specific purpose of
predicting tornadogenesis within TCs. Regardless of how scientific advances are made,
improvements in our understanding of TC environments, the environments of TCITs, and
the mechanisms that drive them will increase the capabilities of atmospheric scientists.
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Through further research, more conclusions can be made that may improve forecasts.
These improved forecasts will have an effect on the sciences, the economy, and the
everyday lives of citizens around the world. It is research like this that will continue to
drive our understanding of the world around us.
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